Abstract 1 1. Process-based models describing biogeochemical cycling are crucial tools to understanding 2 long-term nutrient dynamics, especially in the context of perturbations, such as climate and 3 land-use change. Such models must effectively synthesise ecological processes and 4
opportunities for inclusion of traits from all three groups to reduce model uncertainty and 25 improve understanding of biogeochemical cycles. 26 4. These model frameworks will generate improved predictive capacity of how changes in 27 biodiversity regulate biogeochemical cycles in terrestrial ecosystems. Further, they will assist 28 in developing a new generation of process-based models that include plant, microbial and 29 faunal traits and facilitate dialogue between empirical researchers and modellers. 30 31
Introduction 32
Recent improvements in computational power and co-ordinated research efforts into modelling 33 ecosystem processes have advanced our understanding of biogeochemical cycles. However, a better 34 understanding of the interactions between plants, microbes and animals is crucial to reduce 35 uncertainty in carbon (C) cycling and the modelling of biogeochemical processes. Important aspects 36 of these cycles include C turnover times (He et al. 2016) , soil organic matter dynamics (Cotrufo et 37 al. 2015) , and soil carbon sink strength under a range of climate scenarios (Sofi et al. 2016) . This 38 will help address pressing challenges such as soil C loss and food security (Lehmann & Kleber 39 2015) . However, there is a gap between the requirements of modellers and the empirical data 40 produced through experimental research. Empirical data related to the functional role of organisms is 41 needed to parameterise models under a range of spatial and temporal scales, ecosystem types and 42 abiotic conditions. The consideration of functional traits promises to generate data that can help 43 inform biogeochemical models (Violle et al. 2007 ; Moretti et al. 2017) . Functional traits are 44 heritable, morphological, physiological or phenological attributes of organisms that affect their 45 growth, survival or reproduction, and thus, indirectly, fitness (Reich 2014 ). Many traits are 46 commonly categorised as 'effect traits' and/or 'response traits'. Effect traits determine the effect of 47 the organism on ecosystem processes, while response traits are characteristics that change in 48 response to an external driver such as climate (Lavorel & Garnier 2002) . Many traits may be both 49 effect and response traits. Using functional effect traits instead of traditional diversity measures can 50 generate more meaningful model predictions, because traits can offer mechanistic insight into the 51 link between organisms and ecosystem function (Díaz et al. 2004 resource-use and performance related strategies. For example, the 'leaf economics spectrum' uses 62 three plant traits (leaf nitrogen content, specific leaf area and leaf lifespan) to describe a continuum 63 ranging from 'fast' to 'slow' growing species that affects ecosystem functioning (Wright et al. 2004) . 64
The principles employed in this approach may also apply to microbes and fauna, and literature is 65 Here we propose frameworks to incorporate plant, microbial and soil faunal traits in predictive 95 models to better simulate the dynamics of biogeochemical cycles in terrestrial ecosystems. We use 96 the decomposition of soil organic matter (SOM) as an example because it is a key driver of the 97 terrestrial C cycle, and will likely be affected by global climate change (Davidson & Janssens 2006 types of data are feasible to collect and useful as inputs to models (Table 1) . Finally, we discuss the 105 uses and limitations of three types of commonly used models (explicit, integrated and implicit) and 106 describe why incorporating traits from plants, microbes and fauna will help improve the predictive 107 power of these models. continuum based on resource use, with highly competitive fungal taxa occurring in resource-rich, 148 low-stress conditions, and stress-tolerant taxa occurring when resources are scarce or conditions are 149 harsh. However, the problem herein is that many of these spectra account for 'response traits' not 150 'effect traits', and are therefore potentially too variable or context-specific for models that aim to 151 predict ecosystem function. Further, resource availability for plants may not match resource 152 (Table 1) . As fauna tend to be mobile, community weighted mean (CWM) traits 164 may be useful to predict ecosystem processes. Traits such as feeding habit or body size are 165 particularly responsive to environmental changes (Farská, Prejzková & Rusek 2014) , and functional 166 diversity metrics based on these traits are effective in describing decomposition (Milcu & Manning 167 2011) . We need to identify traits that can encompass the structure of the food web to be able to 168 include several trophic groups and their interactions. Taken together, plant, microbial and soil faunal 169 traits offer a way to improve the accuracy of biogeochemical models, but for the latter two groups, a 170 crucial first step is to disentangle the role of response and effect traits. 171
There are some issues concerning the integration of plant, microbe and soil fauna traits into 172 biogeochemical models. One major consideration is the turnover rate of microbial and faunal 173 communities. In contrast to plants, microbes and soil fauna often have a high turnover rate, and they 174 can adapt their metabolism or feeding strategies quickly to new conditions. Additionally, faunal 175 composition may rapidly change. Resource use and turnover are likely useful traits to describe these 176 groups, because they correlate directly with biogeochemical processes, with relative biomass of each 177 group dictating the importance of that group in the system (Crowther et al. 2014; Fierer 2017) . 178
Further, we need to find a set of easily measurable descriptors for traits across all three groups that 179 will describe key soil functions, such as decomposition, robustly across a range of conditions and 180
biomes. There are potential shortcuts using prior knowledge obtained from the plant trait literature. 181
The biomass ratio hypothesis states that the influence of an individual or species on a function is 182
proportionate to its biomass in the ecosystem (Grime 1998 ). Therefore, it is possible that rather than 183 measuring complex, continuous traits, categorical data such as feeding group could be constrained to 184
an ordinal scale and weighted by abundance (i.e., CWM) (Fierer et al. 2014) . Assessing activity of 185 the whole community could offer a solution, and there are numerous methods, including the 186 measurement of enzyme activities involved in decomposition and respiration rates, to achieve this. 187
We also need to include interactions between plants, microbes and soil fauna into models 188 (Table 2) . 197
Ideally, we need to know whether plant, microbial and faunal groups respond in the same direction 198 under a given scenario. For example, under a drought event, plants may temporarily stop 199 photosynthesizing, thereby reducing root exudation, which leads to a reduction in bacterial biomass 200 and thereby soil fauna (Box 1). There are likely to be other scenarios where one group can capitalize 201 on the decline of the others, and these scenarios are likely to be unpredictable and thus difficult to 202 include in models. Therefore, in order to create unifying principles across plants, microbes and soil 203 fauna, it is imperative to identify traits that have robust relationships with function (e.g., nutrient 204 requirements) and avoid highly plastic traits in order to be able to use them across large spatial scales 205 and contrasting environmental conditions. 206 207
Incorporating a trait-based approach into biogeochemical models 208
Models require several data formats, depending on their scope. For example, an explicit 209 decomposition model can use raw data from field experiments, such as CWM leaf traits or 210 abundance of soil fauna. Integrated and implicit models, however, may need data in the form of 211 correlation coefficients between the drivers of decomposition, as well as reasonable a priori 212 parameter values. These requirements make it difficult to acquire appropriate data for such models. 213
For the microbial and faunal traits, an ideal starting point would be to assemble databases of traits 214 across ecosystems, climates and land use types (Burkhardt et al. 2014 ) that resemble the TRY 215 database for plants (Kattge et al. 2011 ). However, as such databases are assembled for microbes and 216 soil fauna, caution must be taken to account for variability in the data that might be due to inherent 217 factors such as intraspecific variability, and the use of different methods to measure microbial and 218 faunal traits. 219
Recently, there has been considerable effort to develop working trait-based models, although 220 at the time of writing, models are yet to include all three taxonomic groups (i.e., plants, microbes 221 and fauna). how such relationships vary across space and time is vital for process-based models. As a first step, 243 well-coordinated data collection efforts are needed on trait correlations along trophic and 244 environmental gradients (Wieder et al. 2015) . To achieve this, there is an urgent need to identify 245 traits that are relatively easy to measure yet informative so that they strongly interact with 246 environmental gradients and/or are crucial for fitness (McGill, Enquist, Weiher & Westoby 2006) 247 (Table 1) . Once links between traits and ecosystem function have been established across contrasting 248 spatial and temporal scales, it will be important to evaluate if their inclusion improves the predictive 249 power of models. 250
251
Types of models that will benefit from incorporating plant, microbial and soil faunal traits 252
Depending on the complexity and the predictive power needed, microbes and soil fauna can be either 253 explicitly or implicitly represented in an ecosystem model (Figure 1 ). Below we outline three 254 possible frameworks to incorporate belowground organism traits and processes in biogeochemical 255 models: 1) an explicit trait-based model framework that operates at the small scale (space or time, or 256 both) and uses direct measurements of ecosystem properties 2) an integrated approach that operates 257 at a medium scale and includes interactions between a model component on biogeochemical cycling 258 and that on the soil food web, either of which could be populated with measured data; and 3) an 259 implicit trait-based model framework that operates at a large scale (i.e., Earth system) and associates 260 microbial and soil faunal functional groups with plant functional groups. To fit with the focus of this 261 manuscript, we separated the models based on how microbes and soil fauna are represented in the 262 models, as well as the spatial or temporal scale at which each model is best equipped to operate 263 (Figure 1 ). The scope of this separation is to discuss possible frameworks to incorporate 264 belowground traits into soil process based models. It should be noted that the classification system 265 proposed here is not the only way such models can be grouped or defined. 266
267

Explicit models 268
Explicit models seek to parameterise relationships between variables, typically known as the 269 dependent and independent variables. Such models in the context of biogeochemical cycling 270 explicitly include microbial biomass. The goal of these models is to predict the dependent variable 271 in Figure 1a , microbial communities could be represented by r-selected (Rmic) and K-selected (Kmic) 279 groups, with Rmic defined by traits that exhibit fast-growing attributes that compete with plants for 280 easily available nutrients, and K mic as slow-growing, but able to utilize recalcitrant materials (e.g., 281
Wieder et al. 2015). To simulate these processes, we need to determine the growth and nutrient 282 uptake efficiencies of Rmic and Kmic, and the trait-function and trait-abiotic relationships. Further, the 283 relationship between Rmic and Kmic and soil fauna (i.e., grazers, predators) will need to be better 284 understood. This framework explicitly simulates trait trade-offs of different belowground biotic 285 groups, which is useful for understanding fine-scale, non-linear system dynamics. Understanding of 286 how belowground traits should be incorporated into the mathematical equations of such models has 287 shown promising development (McCormack et al. 2017 ) (e.g., specific root length, Table 1 ). In 288 addition, models incorporating this level of complexity may exhibit unrealistic simulation behaviours 289 (e.g., Hararuk, Smith & Luo 2015). Explicit trait-based models will benefit from efforts that quantify 290 how the traits of different biotic groups affect ecosystem processes across different ecosystems, 291 which may be achieved through meta-analysis and enhancement of trait databases ( 
Integrated models 295
Integrated models are a mix of measured and inferred variables. These process-based models have 296 been developed from an understanding of how soil is affected by its abiotic and biotic properties, 297 land management and climate (McGill 1981; Smith et al. 1998 ). This approach integrates 298 biogeochemical and soil food web (i.e., microbial and soil faunal interactions driven by inputs from 299 plants) models (see Table 2 for examples of potential research questions). Here, mass and C are 300 recycled in the former model, and plant, microbial and soil faunal functional traits affect the rate of 301 mass transfer as a consequence of simulation in the latter (Figure 1b) . These two models operate at 302 different timescales and spatial resolutions, as the biogeochemical model does not directly simulate 303 population demography and community assembly. The level of complexity of the soil food web 304 model varies depending on the research question and data availability, with soil food webs either 305 condensed into a metric of biodiversity or explicitly represented by their respective plant, microbial 306 and soil faunal groups. A metric of community diversity could be calculated for the soil food web 307 model and used to modify the rate of decomposition in the biogeochemical model (dashed arrows in 308 Figure 1b) . For this integrated model to work, however, connections on how soil food webs affect 309 elemental transfers, and how plant ecophysiology affects competition and demography must be 310 quantified. Additionally, the ability to track changes in vegetation functional trait composition 311 through time and space without tracking species composition along different trophic levels is 312
necessary. 313 314
Implicit models 315
Finally, implicit models are often used to attempt to predict functions or processes at the global scale. Table 2 ). Such an approach would allow Earth system models to maintain the basic structure of 322 their simulation of decomposition. Implicit models assume that plant attributes exhibit top-down 323 control on processes such as decomposition. Therefore, microbial and soil faunal groups are 324 expected to be adapted to such controls. This means that relationships between diversity, disturbance 325 and productivity are well established in a given location. Most of the existing land surface models 326 operating at large spatiotemporal scales have adopted this approach (e. and their potential consequences for ecosystem processes. The possibility that plant, microbial and 331 faunal traits do not respond similarly to stress, and are not subject to the same spatial or temporal 332 patterns, are also beyond the scope of the current models because of limitations in data (Box 1). One 333 solution could be the integration of statistical tools such as Bayesian hierarchical modelling to 334 estimate intraspecific trait variation and species interactions (Funk et al. 2017 ). However, this only 335 provides a probabilistic estimate of the consequence of multiple ecosystem processes. Nevertheless, 336 this approach represents a compromise among factors such as data availability, scalability and 337 predictive power, and is practical based on existing Earth system models. 338 339
The way forward 340
Ultimately, without improved communication between those who collect empirical data and those 341 who model biogeochemical cycles, efforts to close the knowledge gaps are doomed to fail. Here we 342 suggest five important steps to unite research efforts: 343 1. Determine standardised approaches to measure microbial and soil faunal traits. Plant 344 traits are typically easier to measure than microbe and soil fauna traits (Table 1) , but this 345 hurdle must be overcome in order to successfully populate models with traits from all three 346 groups. 347 2. Determine which plant, microbial and soil faunal traits are the best predictors. Traits 348 that are associated with resource economy and stoichiometry are strong contenders, but traits 349 linked to morphology and longevity cannot be overlooked, as they potentially infer links with 350 amount of resources added to the system and turnover rate (Table 1) . This stage will require 351 that models are run and their validity checked by comparing predicted outputs to real data. ecologists to determine which questions can be answered using different models (Table 2) . 365
366
More generally, when designing large scale or long-term empirical studies, we recommend including 367 the expertise of a modeller, in order to ensure the data is appropriate for use in models. Only through 368 integration of plant, microbial and soil faunal traits, as well as a more robust dialogue between 369 modellers and empiricists, will the next generation of biogeochemical models more accurately 370 represent Earth system processes. Therefore, the traditional decay rate constant for soil organic matter is replaced by MFT-specific 393 functions that account for the size and type of the target MFT and abiotic factors (e.g., temperature, 394 energy transfer, soil pH). Soil organic matter that is decomposed is partitioned into fast, slow and 395 passively cycling pools to better account for variability in soil residency time. Scalability is enabled 396 through this approach, making such models more useful for Earth system modelling. Boxes represent 397 different physical and biological pools, and lines represent different coupling relationships (i.e., 398 explicit, integrated, implicit). 399 What emergent processes arise from introducing complexity into soil C cycling?
Integrated model
How do alterations to the soil food web influence soil C storage?
Is soil C storage differentially affected by 'top-down' vs. 'bottom-up' control of soil food webs?
How does drought influence soil C storage?
How does an increase in productivity change food webs?
How does land management influence CO2 emissions?
How does earthworm invasion influence soil organic matter dynamics?
How do changes in diversity affect soil organic matter composition?
Implicit model
What is the effect of land use or management change on soil C stock?
How does spatial variation in the projected changes of climate drivers influence soil C storage?
How does global warming affect soil C stocks?
408
Box 1. Connecting traits across groups: plants, microorganisms and animals 409
A number of paradigms have been proposed to classify organisms within groups according to their functional traits. For example, 410 Grime (1977) proposed the competitor/stress tolerator/ruderal (C-S-R) framework to explain how plants with different traits adapt under 411 different environments. Wright et al. (2004) built upon this concept, suggesting that plants can be globally classified along a spectrum 412 from those that are fast growing and promote fast nutrient cycling, to those that grow more slowly and promote slower nutrient cycling, 413 known as the 'leaf economics spectrum'. It would be desirable from a modelling perspective to align functional effect traits across plants, 414 microbes and soil animals using one of these existing paradigms, but this presents challenges. Microbes have generally been classified 415 along an r-selected to K-selected continuum, which has been the main framework for including microbes in models (Figure 1 hierarchy. This is likely to select for different characteristics (i.e., different sectors of the C-S-R framework) for each group. For example, 423 a stressed plant (S) is likely to offer an increased resource pool due to root sloughing and exudation, which would favour the ruderal-424 selected microbial community (R), which could offer opportunities for competitive groups of soil fauna (C). This is depicted in a 425 conceptual diagram showing C-S-R triangles rotated accordingly across taxonomic groups (see inset a). Krause et al. (2014) adapted the 426 C-S-R framework to explain microbial community functional traits, arguing that microbial communities employ similar strategies to those 427 used by plants. We suggest that on small or local scales, they often do not. This is because plants, microbes and animals operate at 428 different spatial, temporal scales and resource requirements, and a catastrophic event for one group could lead to an opportunity for 429
another (e.g., Birch 1958) . Conversely, overall patterns of resource economy have been identified across larger landscape scales that 430 indicate that there are general patterns that may align with management intensity or climate. Intensive management often increases 431 nutrient availability, which selects for 'competitive' plant species (C) and bacterial-dominated food webs. Nutrient poor ecosystems select 432 
